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a  b  s  t  r  a  c  t
Fasciola  hepatica  is  the  causative  agent  of fasciolosis,  a  disease  that  triggers  a chronic  inﬂammatory  process
in the  liver  affecting  mainly  ruminants  and  other  animals  including  humans.  In  Brazil,  F. hepatica  occurs  in
larger  numbers  in  the  most  Southern  state  of  Rio  Grande  do Sul.  The  objective  of this  study  was to  estimate
areas  at  risk  using  an  eight-year  (2002–2010)  time  series  of  climatic  and  environmental  variables  that
best  relate  to  the  disease  using  a linear  regression  method  to  municipalities  in  the  state  of  Rio Grande  do
Sul.  The  positivity  index  of  the  disease,  which  is  the  rate  of infected  animal  per  slaughtered  animal,  was
divided  into  three  risk  classes:  low,  medium  and  high.  The  accuracy  of the known  sample  classiﬁcation
on  the  confusion  matrix  for the low,  medium  and high  rates  produced  by  the  estimated  model  presentedemote sensing technology
eographic information systems
egression analysis
values  between  39  and  88%  depending  of the  year.  The  regression  analysis  showed  the  importance  of
the time-based  data  for  the construction  of  the  model,  considering  the  two  variables  of the  previous
year  of  the event  (positivity  index  and  maximum  temperature).  The  generated  data  is important  for
epidemiological  and  parasite  control  studies  mainly  because  F.  hepatica  is an  infection  that  can  last  from
months  to years.
© 2015  Elsevier  B.V.  All  rights  reserved.. Introduction
Fasciolosis is a disease caused by Fasciola sp. parasites (Fasciola
epatica and F. gigantica) whose host involves an array of animals,
ncluding humans. In Europe, Americas and Oceania, only F. hepat-
ca is found, whereas in Africa and Asia both species are present. No
ontinent is free from fasciolosis and as suggested in a report by the
HO  (2014) it is likely that the identiﬁcation of infected animals
lso point out to infected humans. Nonetheless, infected humans
ay  maintain the infection in a certain area by releasing eggs in the
nvironment (pasture, agriculture) shared by animals, conﬁguring
ts anthropozoonotic status.The life cycle of F. hepatica and the transmission of the disease
epend on environment conditions (Oliveira and Filha, 2009). In
razil, Lymnaea columella and L. viatrix are the intermediate hosts
∗ Corresponding author. Fax: +55 4133505623.
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ttp://dx.doi.org/10.1016/j.vetpar.2015.12.021
304-4017/© 2015 Elsevier B.V. All rights reserved.for F. hepatica, where animals get the infection by ingesting the
metacercariae while pasturing (Toledo et al., 2012). The transmis-
sion to humans occurs in a similar condition of infection with the
ingestion of contaminated vegetables. Even though the prevalence
of animal fasciolosis may  facilitate the transmission and dissemina-
tion of the disease among humans, Mas-Coma et al. (1999) reported
that a high prevalence of fascioliasis in humans does not necessarily
occur in areas where F. hepatica is a major veterinary problem.
Although most of the cases described in livestock are still being
identiﬁed in the South of the country (Dutra et al., 2010) fasciolosis
is presently expanding throughout Brazil (Aleixo et al., 2015). Geo-
graphic information system, GIS has been used as an exploratory
spatial analysis to assess the distribution of F. hepatica (Bennema
et al., 2014; Freitas et al., 2014; Aleixo et al., 2015), including cli-
matic and topographical data where inear regression is a statistical
method that analyzes the relation between two  or more variables
(quantitative or qualitative) in which the dependent variable is
explained by one or more independent variables (Neter et al., 1996).
The study of climatic and environmental data associated with dif-
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008; Fonseca, 2009; Dutra et al., 2010; Valencia-López et al., 2012;
ucheyne et al., 2015; Selemetas and Waal, 2015) is essential to
isualize the dynamics of the disease and the external factors that
ould inﬂuence its occurrence. Ducheyne et al. (2015) using a har-
onized sampling approach in combination with spatial modeling
rainfall and temperature) assessed the distribution of fasciolo-
is in dairy cattle in Europe (Belgium, Germany, Ireland, Poland
nd Sweden) in association with the data from an indirect bulk
ank milk (BTM) enzyme-linked immune sorbent assay (ELISA).
he authors identiﬁed rainfall and temperature as the most impor-
ant factors for probability of exposure when 571 municipalities
ere categorized as positive and 429 as negative. This paper aims
o establish the relationship between the positivity index (Pi) of
ovine fasciolosis and the climate and environment variables in an
ndemic area in order to use the data to assess the risk of the disease
ccurrence using multiple linear regression methods.
. Material and methods
.1. Study area and data collection
The study area (Fig. 1) encompasses 497 municipalities of Rio
rande do Sul, South of Brazil. The cities were selected with data
rom cattle producers that sent their animals to slaughterhouses
nspected by the Brazilian Federal Meat Inspection Service of the
inistry of Agriculture, MAPA/SIF 2354.
The information on the number of slaughtered, and negative
r infected animals with fasciolosis was collected monthly and per
unicipality. The rate of infected animal per slaughtered animal for
ach city, hereby denominated positivity index (Pi) for the disease,




here Ni and Ns are respectively the number of infected and
laughtered animals for each city. The Pi for each city was used as
 dependent variable for the construction of the regression model.
he inspected municipalities which did not have fasciolosis cases
t the inspection were also included as part of the sample. With the
ata on the fasciolosis Pi distribution in each year, municipalities
ere classiﬁed as low (<8%), medium (8–18%) and high (>18%) risk
roups. The analysis did not permit 0% of infection rate.
.2. Environmental and climatic variables
Climate and environment variables related to the development
f both F. hepatica and the Lymnaea sp. snail were used as indepen-
ent variables for the construction of the regression model. The Pi
or earlier years (Pi ey) was also included as an independent vari-
ble to improve the generation of the model. Independently from
limate and environmental conditions, fasciolosis will not manifest
nless there is the presence of its etiologic agent and its interme-
iate host. Table 1 display the climate and environment variables
mployed in the construction of the model.
Altitude (Alt ave) was extracted from a continuous vectorial car-
ographic base, elaborated by the Federal University of Rio Grande
o Sul, UFRGS (Hasenack and Weber, 2010). Through the sampled
oints in each municipality, a topological operation was  made,
esulting in the average altitude for all the municipalities in the
tate. The percentage of water-covered areas (Water perc) in each
unicipality was obtained from the same cartographic database.
he hydrographic vector ﬁle was changed to a matrix format and
hen the water accumulation was obtained for each municipal-
ty. The values for accumulation potential and the total city area
llowed the calculation of the percentage of water accumulation
otential for each municipality.asitology 217 (2016) 7–13
The slope variable was  acquired through remote sensoring
images from the SRTM (Shuttle Radar Topography Mission), provid-
ing the elevation data in a global scale. Through the use of Topodata,
a Brazilian Geomorphometric Database (http://www.dsr.inpe.br/
topodata), the slope numerical product for the entire state was
obtained followed by the construction of the average slope for each
municipality.
The EVI (enhanced vegetation index) and NDVI (normalized dif-
ference vegetation index) variables, precipitation and temperature,
which showed the seasonal variation between summer and win-
ter had their data interval selected from the vegetation indexes
obtained by the MODIS sensor (http://modis.gsfc.nasa.gov/). In
order to extract such data, two  MODIS images were used (H13V11
and H13V12). Based on a preliminary study of the EVI and NDVI
images from 2006, two  acquisitions periods have been chosen for
representing winter and summer data. The year of 2006 was cho-
sen due to the non-incidence of the climate event known as La Nin˜a
and the minimal effects of El Nin˜o.  Such events may  change signif-
icantly the air temperature and the rainfall regimen in Southern
South America, including Brazil. The dates selected were January
17 and February 01 for the summer and August 29 and September
13 during winter, periods in which the index values for vegetation
were the highest in the summer and the lowest in the winter of that
speciﬁc year. Each 15-day period corresponded to an image from
which the vegetation index value was extracted.
Precipitation and air temperature were acquired from the
Weather Forecast and Climate Study Center at the National Insti-
tute for Space Research, CPTEC/INPE through data from the Data
Collection Platforms (PCDs) interconnected in a 0.25◦ grid point for
Brazil. The extracted values were the ones closest to the geographic
localization of the municipalities studied.
Precipitation was  accumulated for the same period of the dates
chosen for the MODIS images, from which the vegetation index val-
ues were extracted. Like the precipitation data, the minimum and
maximum temperature information were obtained for the same
15-day period and the average for each variable and period was
extracted.
Even though our study used data from the State and munici-
pal level and not by farms or regions we understand the potential
inﬂuence of different types of soil and pasture management for the
same municipality. In this regard, we assume that the vegetation
index would account for the estimation and be a valuable factor.
2.3. Linear regression analysis
A multiple linear regression model was built using the depen-
dent variable (Pi), submitted to a logarithmic transformation (LnPi)
in order to increase its correlation to the independent variables.
On average, about 300 samples were used per year of the study
from 2003 to 2010. The samples were randomly divided in: 1. for
the model construction (2/3 of the samples) and 2. for the model
validation (1/3 of the samples).
By using a correlation matrix, the variables that were weakly
correlated to the disease’s Pi or not signiﬁcant were removed. The
removed variables were EVI win, NDVI sum, NDVI win, Prec win,
Tmax sum and Tmin win. All the other variables were included in
the model along with the data for all previous years.
Individual models for each year were generated and the one
with the highest coefﬁcient of determination (R2) and the least
variables were selected. Because the model chosen for each year
presented almost the same independent variables, we built a sin-
gle model generated from these variables, using samples from all
years. Therefore, a general model was developed concatenating the
data of all years.
The general model was  determined with 1.178 samples selected
for model construction and 595 samples for model validation. The















FFig. 1. Location of the State of Rio Grande do Sul, Brazil, divided by its
odel generated through the multiple linear regression analysis is
escribed in the equation below:
igeneral = e(2.736+0.401×LnPi ey−0.001×Alt ave−0.044×Tmax win ey) − 1 (2)
here e is exponential, LnPi ey is the logarithmic transformation
f the positivity index for the previous year, Alt ave is the average
ltitude and Tmax win ey is the average maximum temperature in
he winter for the previous year.
. ResultsThe years 2007 and 2008 were affected by the climate event La
in˜a,  whose intensity was regarded as signiﬁcantly high for those
ears. The event declined the average temperatures and lowered
he overall precipitation volumes. Therefore, we believe that such
able 1
nvironmental and climatic variables used to generate the prediction model for F. hepatic
Variable Acronym Variables
Environmental Alt ave Average a
Environmental Water perc Percentag
Environmental Slope ave Average s
Environmental EVI sum Enhanced
Environmental EVI win Enhanced
Environmental NDVI sum Normaliz
Environmental NDVI win  Normaliz
Climatic Tmin sum Average m
Climatic Tmin win  Average m
Climatic Tmax sum Average m
Climatic Tmax win  Average m
Climatic Prec sum Accumul
Climatic Prec win Accumul
a UFRGS—Federal University of Rio Grande do Sul, SRTM—Shuttle Radar Topography M
orecast and Climate Studies Center.
b Between years 2002 and 2010.imits. The two large black areas are lakes, close to the Atlantic Ocean.
event may  have affected the generated models for the years that
used the variables from 2007 and 2008 as input data. So, the general
model was created based on samples from all years, except 2008
and 2009, as their input variables came from the La Nin˜a years.
As expected, Pi of one year was  directly proportional for the Pi of
earlier years. Nevertheless, the variables Alt ave and Tmax win  ey,
which was  the maximum temperature from the winter of ear-
lier years, presented an inverse correlation (R = −0.53 and −0.45,
respectively) to the disease, i.e., the lower their value, the greater
the Pi for F. hepatica occurrence (data not shown).
The general model presented a coefﬁcient determination of 0.36.
The general model also met  the validation requirements (Neter
et al., 1996) as the values for the residual mean square (RMS = 0.77)
and the mean square prediction error (MSPR = 0.81) were close and
had the same order of magnitude. Therefore, the constructed model
a in Rio Grande do Sul state, Brazil.
 description Sourcea
ltitude UFRGS
e of water accumulation potential UFRGS
lope SRTM
 vegetation index in the summerb MODIS
 vegetation index in the winterb MODIS
ed difference vegetation index in the summerb MODIS
ed difference vegetation index in the winterb MODIS
inimum temperature in the summerb CPTEC
inimum temperature in the winterb CPTEC
aximum temperature in the summerb CPTEC
aximum temperature in the winterb CPTEC
ated precipitation in the summerb CPTEC
ated precipitation in the winterb CPTEC
ission, MODIS—Moderate Resolution Imaging Spectroradiometer, CPTEC—Weather
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Table 2
Beta coefﬁcients and p-values of the variables in the general model for the prediction
of  the occurrence of Fasciola hepatica in Rio Grande do Sul, Brazil.
Variables Beta coefﬁcients p-values





















































Confusion matrix between the estimated classiﬁcation and the samples during
2003–2010 for the incidence of Fasciola hepatica in Rio Grande do Sul, Brazil.
2003—overall accuracy = 61% 2004—overall accuracy = 55%
Class—samples Classiﬁcation Class—samples Classiﬁcation
Low Medium High Low Medium High
Low (n = 109) 75 28 6 Low (n = 76) 67 8 1
69% 26% 5% (88%) (11%) (1%)
Medium (n = 61) 15 38 8 Medium (n = 99) 41 52 6
25% 62% 13% (41%) (53%) (6%)
High (n = 66) 7 29 30 High (n = 88) 15 47 26
11% 44% 45% (17%) (53%) (30%)
User accuracy 77% 40% 68% User accuracy 54% 49% 79%
2005—overall accuracy = 48% 2006—overall accuracy = 66%
Class—samples Classiﬁcation Class—samples Classiﬁcation
Low Medium High Low Medium High
Low (n = 78) 61 16 1 Low (n = 61) 38 21 2
(78%) (21%) (1%) (62%) (35%) (3%)
Medium (n = 104) 56 46 2 Medium (n = 121) 28 78 15
(54%) (44%) (2%) (23%) (65%) (12%)
High (n = 107) 16 64 27 High (n = 110) 15 18 77
(15%) (60%) (25%) (14%) (16%) (70%)
User  accuracy 46% 39% 90% User accuracy 47% 67% 82%
2007—overall accuracy = 52% 2008—overall accuracy = 63%
Classiﬁcation Classiﬁcation
Class—samples Low Medium High Class—samples Low Medium High
Low (n = 84) 33 48 3 Low (n = 110) 87 23 0
(39%) (57%) (4%) (79%) (21%) (0%)
Medium (n = 87) 29 50 8 Medium (n = 89) 30 56 3
(33%) (58%) (9%) (34%) (63%) (3%)
High (n = 91) 8 31 52 High (n = 55) 5 34 16
(9%) (34%) (57%) (9%) (62%) (29%)
User  accuracy 47% 39% 83% User accuracy 71% 50% 84%
2009—overall accuracy = 60% 2010—overall accuracy = 58%
Classiﬁcation Classiﬁcation
Class—samples Low Medium High Class—samples Low Medium High
Low (n = 104) 56 46 2 Low (n = 126) 82 43 1
(54%) (44%) (2%) (65%) (34%) (1%)
Medium (n = 100) 27 65 8 Medium (n = 73) 22 50 1
(27%) (65%) (8%) (30%) (69%) (1%)
High (n = 35) 2 11 22 High (n = 54) 9 31 14
(6%) (31%) (63%) (17%) (57%) (26%)
User  accuracy 66% 53% 69% User accuracy 73% 40% 88%
Table 4
Classiﬁcation of non-pathogenic samples of Fasciola hepatica by the general model
during 2003–2010 in Rio Grande do Sul, Brazil.
Year (n) Low (%) Medium (%) High (%)
2003 (30) 23 (77%) 4 (13%) 3 (10%)
2004 (36) 30 (83%) 5 (14%) 1 (3%)
2005 (29) 27 (93%) 2 (7%) 0 (0%)
2006 (20) 15 (75%) 5 (25%) 0 (0%)
2007 (26) 10 (39%) 12 (46%) 4 (15%)
2008 (35) 27 (77%) 7 (20%) 1 (3%)Alt  ave −0.263 0.001
Tmax win ey −0.098 0.001
as statistically adequate to estimate the risk for bovine fasciolosis
n the state of Rio Grande do Sul.
Due to a difference in the measurement units between the
odel variables, the Beta coefﬁcients were used to compare to the
egression coefﬁcients (Neter et al., 1996). Thus, the higher the Beta
oefﬁcient values in the model, the most relevant were the vari-
bles. The Beta coefﬁcient and the p-value for the variables in the
eneral model are presented in Table 2, ranked by relevance.
Using the general model (Eq. (2)) it was possible to assign a
abel of infection severity to each municipality (Section 2.1) and
hen compare the predicted severity degree with the real ones
rom known places. This comparison may  be described as a con-
ingency matrix, known as a confusion matrix. A set of confusion
atrixes was obtained for each year (Table 3). The user accu-
acy showed the percentage of samples correctly classiﬁed in each
lass, ranging from 48 to 66%. Although F. hepatica is not a com-
on  parasite in most of the country with averages below 1.5%,
ost of the state of Rio Grande do Sul can be regarded as a high
ndemic area. The overall accuracy was calculated as the ratio of
orrected classiﬁed samples over the total amount of samples for
very year (Table 3). The non-pathogenic samples were also clas-
iﬁed for all years and most of them were correctly classiﬁed as
ow risk cities (Table 4). The presented data showed that 76% of the
amples with low residuum, ranging between -8 and 8%, where
he most exact model found for the samples. There was a total
f 5% of overestimated samples and 19% of underestimated sam-
les.
All municipalities have been classiﬁed as having low, medium
r high Pi. Figs. 2 and 3 show two of eight of the thematic maps,
here Pi is represented as the observed fasciolosis data (Figs. 2a
nd 3a) or the estimated values (Figs. 2b and 3b) from the general
odel. The data on Fig. 2 is for 2005 analysis and represent the
east correctness (48%), as 2006 is the most accurate classiﬁcation
66%) (Fig. 3). Figs. 2a and 3a also show the non-pathogenic samples,
ost in the North of RS (chess-board areas), which are the ones that
id not report any F. hepatica. The maps for the years 2003, 2004,
007, 2008, 2009 and 2010 can be accessed as additional ﬁles or be
equested with the corresponding author.
. Discussion
The most important variable for the general model was  the
nPi ey, followed by Alt ave and Tmax win ey, showing that if a
ertain municipality had already sent bovines for slaughtering and
he presence of the F. hepatica was detected in these animals, the
hance for new local occurrence of fasciolosis in the following year
as higher than the ones that had never presented the infection.
his fact is epidemiologically possible by the presence of positive
nimals and the over season pasture contamination. Knubben-
chweizer et al. (2010) reported that Swiss dairy farmers that
id not follow F. hepatica control recommendations maintained a
igh percentage of positive fecal samples (32.5%) and seropositiv-
ty (62.1%) when compared to farms that had accepted the program
rotocol (9.3 and 21.4%, respectively). The authors pointed out that
erds with a high prevalence of F. hepatica on the ﬁrst visit also had
 high prevalence on the second visit. In addition, the number of
ositive cattle detected on the ﬁrst visit was associated with the
2009 (34) 19 (56%) 9 (26%) 6 (18%)
2010 (37) 27 (73%) 8 (22%) 2 (5%)
Average 22 6.5 2























cFig. 2. Thematic maps. (a) Represents the observed Pi and (b) represents the
evel of seropositivity on the second visit (p = 0.004). As from our
tudy, among the municipalities studied that had animals inspected
t slaughtering for at least two consecutive years, 90% presented the
isease in the following year and 80% presented the disease in the
ollowing two years after a positive result for fasciolosis. Bennema
t al. (2011) also reported a stable prevalence and a cluster dis-
ribution of F. hepatica with small variations in between years in
landres, Belgium.
Dutra et al. (2010) observed an inverse correlation (−0.80)
etween F. hepatica infection rate in cattle and the altitude in cities
rom the states of Paraná, Santa Catarina and Rio Grande do Sul. Our
ata indicates the importance of the Alt ave variable, as it was  the
econd highest Beta coefﬁcient in the general model. Even though
emperature can be a critical factor for the life cycle of F. hepatica
ompletion, the Tmax win ey variable ranked last in relevance in
he present general model. Malone et al. (1998) determined that
he greatest risk for F. hepatica occurrence was extended rainfall
nd soil moisture, as the risk of fascioliasis diminished in the driest
nd cooler areas of East Africa. Selemetas and Waal (2015) built a
isk model in Ireland, where the most signiﬁcant predictors were
he total rainfall and total wet days. The risk model presented 100%
ensitivity and 91% speciﬁcity and an accuracy of 95% correctly
lassifying cases.
Fig. 3. Thematic maps. (a) Represents the observed Pi and (b) represents the estimated Pi by the general model for the occurrence of Fasciola hepatica in 2005.
The general model correctly classiﬁed between 48 and 66% of the
samples with yearly variations. The low risk assessment resulted in
the highest number of correctly classiﬁed samples as compared to
the medium and high-risk assessment; it also presented few sam-
ples classiﬁed incorrectly as high risk. However, in some years the
high-risk assessment presented few samples incorrectly classiﬁed
and an expressive number of samples were incorrectly assessed
as low risk. Martins-Bedê et al. (2009) also had similar results
with Schistosoma sp. in the state of Minas Gerais, where the low-
risk samples were correctly classiﬁed in greater numbers, when
compared with the middle and high-risk samples with the two
regression models. As such, the samples classiﬁed as high risk
presented a great accuracy (68–90%). Martins et al. (2014) found
similar evidences, correlating positive farms and previous cases of
fascioliasis in the state of Espírito Santo, Brazil. We  hypothesize that
variations between the models can be attribute to a more constant
weather conditions in Europe with less amplitude/variation than
in South America.
The use of the proposed multiple linear regression model
demonstrated the importance of including the year (time-based
effect) for the construction of the model, considering two variables
from the previous years (LnPi ear and Tmax winear) as this dis-
ease has a survivorship that may last for years in the environment.
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he sequential values are important not only for epidemiolog-
cal studies but to determine the disease dynamics, associated
o climate and environmental variables that can vary along the
ear (Assis, 2011; Silva and Gurgel, 2011). The results evidenced
 high accuracy percentage in low risk assessments, followed by
he medium and high-risk samples. The overall results presented
ere were considered suitable taking into account the complex-
ty of the disease and the limitation of more detailed available
ariables for the study. Although the environment and climate vari-
bles were used to explain the existing natural conditions for the
ccurrence of bovine fasciolosis, other important factors, such as
arm management, soil type and treatment regime must also be
onsidered in future studies to improve the disease estimation
odel.
Financial losses caused by bovine fascioliasis in the state of
io Grande do Sul were measured to be of approximately US$
47 million/year (Molento, MB,  manuscript in preparation), thus,
here is a need to identify the cities or regions facing a more
ritical scenario to implement vigilance programs based on the
ccuracy of our model. This general model can be used to pre-
ict scenarios for the following year based on values of the current
ear, showing a potential to be used as a tool for governmental
nd animal health policies. Thus, by following a control strategy
esigned according to a speciﬁc epidemiology model for a spe-
iﬁc city in RS we expect that it will be possible to signiﬁcantly
educe F. hepatica egg shedding and its prevalence in cattle. The
roposed model would be useful in areas were fascioliasis is not
n important issue and animals are still treated under a suppres-
ive treatment strategy. In this case we want to signiﬁcantly reduce
he usage of anthelmintics and the selection pressure towards the
evelopment of drug resistance F. hepatica. We,  the authors, will
ely deeply in the good work of ﬁeld practitioners at city and
arm level to implement and follow appropriate control strate-
ies.
There is also a growing concern about the lack of diagno-
is of F. hepatica in humans in Brazil. Fascioliasis is acquired by
he ingestion of food related to water and can produce fever,
bdominal pain and intense bleeding in affected patients (Gupta,
014). Although the parasite is one of the commonest found in
he world causing an enormous public health problem, the WHO
2007) considered fascioliasis a neglected neglected disease due
o its presence in developing countries (Peru, Bolivia, Vietnam,
gypt).
Although the incidence of tuberculosis in humans in Brazil has
attened out since 2005, the rate of the disease is close to 50 per
0,000 people, or 70 thousand new cases each year (WHO, 2013),
.5 thousand only in the state of Rio Grande do Sul. The incidence of
uberculosis in cattle in Rio Grande do Sul is about 1.3% and there is
 large geographical overlap for its occurrence in humans and ani-
als, mostly in the South of the state and close to the state capital
orto Alegre (MS/SINAN/TB, 2015). Our concern also relates to the
ata from Claridge et al. (2012) that pointed out that the diagnostic
f F. hepatica in cattle might have the possibility to have a 30% of
alse negative for the diagnostic for tuberculosis. Thus, as we are all
ware, we must have a close look at disease dynamics (i.e., using
ulti regression analysis), and be prepared for all the challenges
head of us.
This model can be applied in the Northern Argentina, Paraguay,
ruguay, Bolivia, as well as parts of Africa, Asia and Australia.
ll these sites meet the conditions for proliferation of the etio-
ogic agent and the intermediate host for this disease. As such, the
resent model could also be used as a tool for large-scale decision
akers in One World One Health related parasite control programs,
ssisting local communities (humans and animals) to better mon-
tor any potential risk of infection.asitology 217 (2016) 7–13
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